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Color image denoising using adaptive non-local 3D total variation
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Abstract. Objective Images are often distorted by noise during image acquisition, transmission and storage process. The
generated noise can degrade image quality and affect image processing, such as edge detection, image segmentation, image
recognition and image classification. Image denoising technique plays a key role in image pre-processing for image details
preservation. Current Gaussian noise removal denoising techniques is often based on variational model like the total varia-
tion (TV) method. It can realize image smoothing through minimizing the corresponding energy function. However, TV-
based denoising methods have their staircase effects and detail loss due to local gradient information only. Many researchers
integrate the non-local concept into the total variation model after the non-local means was proposed. The existing non-local
TV-based methods take advantages of the non-local similarity to denoise the image while keeping the image structure infor-
mation. Unfortunately, many existing TV-based color image denoising methods fail to fully capture both local and non-local

correlations among different image patches, and ignore the fact that the realistic noise varies in different image patches and

W #s HH1:2021-07-26 ; 18 [ B #A:2021-12-15; FED 2 H #3:2021-12-22

« BISVEE . TR 292386791 @ qq. com

EETA W %K & 0 & TR % B (2019YFE0105300) 5 6 58 A AR} 2% 25 4 T H (61573299 ) 5 v [ /& A 77 24 BF 61 7 2 4 i S 00 H
(20191TA01016)

Supported by : National Key R&D Program of China (2019YFE0105300) ; National Natural Science Foundation of China (61573299)



$27E/E18/2022F1 8

FiniE, ERO, BRI, SR/ BiENIEREE 3 #2EHFEBEGER

different color channels. These always lead to over-smoothing and under-smoothing in the denoising result. Our newly TV-
based color image denoising method, named adaptive non-local 3D total variation ( ANL3DTV) , is developed to deal with
that. Method 1) Decompose the noisy color image into K overlapping color image patches, search for the m most similar
neighboring image patches to each center image patch and then group the m image patches together. 2) Vectorize every col-
or image patch in each image patch group and stack them into a 2D noisy matrix. 3) Obtain the corresponding 2D denoised
matrices via ANL3DTV. To get the inter-patch and intra-patch correlations, our ANL3DTV takes advantages of a non-local
3D total variation regularization. On the basis of embedding an adaptive weight matrix into the fidelity term of the optimiza-
tion model, it can automatically control the denoising strength on different color image patches and different color channels
in each iteration. The weight matrix is correlated with the estimated noise level of each image patch. 4) Aggregate all the
denoised 2D matrices to reconstruct the denoised color image. Result According to different ways to add Gaussian noise,
there are two cases in the denoising experiment. In Case 1, the noisy images are corrupted with Gaussian noise with the
same noise variance in all color channels. The selected noise levels are o = 10, 30 and 50. In Case 2, we add Gaussian
noise with different noise variances to each color channel. The noise levels are [ oy, o, o, ] = [5, 15, 10], [40, 50,
30], [5,40,15] and [40, 5, 25] . ANL3DTV is compared to 6 existing TV-based denoising methods. The peak signal-
to-noise ratio (PSNR) and structure similarity ( SSIM) are adopted to denoising evaluation. The averaged PSNR/SSIM
results of ANL3DTV in Case 1 are 32.33 dB/92.99% , 26.92 dB/81. 68 and 24.57 dB/73.57% , respectively, and the
quantitative results of ANL3DTV in Case 2 are 31.62 dB/92.88% , 24.49 dB/73.02% , 27.47 dB/85.94% and
26. 81 dB/81. 00% , respectively. Compared with other competing methods, ANL3DTV improves PSNR and SSIM by about
0.16 ~1.76 dB and 0. 12% ~ 6. 13% . As can be seen from the denoised images, some competing methods oversmooth
the images and lose many structure information. Some mistake noise pattern for the useful edge information and yield obvi-
ous ringring artifacts. Our ANL3DTV can remove more noise, preserve more details and suppress more artifacts than the
competing methods. Conclusion We demonstrate an adaptive non-local 3D total variation model for Gaussian noise removal
(ANL3DTV) . To capture the inter-patch and intra-patch gradient information, ANL3DTYV is focused on the non-local 3D
total variation regularization. To adaptively adjust the denoising strength on each image patch and each color channel, an
adaptive weight matrix into the fidelity term is introduced. To guarantee the feasibility of ANL3DTV mathematically, we
develop the iterative solution of ANL3DTV and validate its convergence. The visual results demonstrate our ANL3DTV
potentials in noise removal and detail preserving. Furthermore, ANL3DTV achieves more robustness and stablizes noise
removal more under different noise levels.

Key words: color image denoising; Gaussian noise; non-local similarity; 3D total variation; adaptive weight

0 5

][

PR M 1) E A2 AT B M 1 ] B e R
R B R A (5 B . R R AR i FAE it it
R H Z B 5 Y SRR R AL, H E5
e [ 5 1 i (25 4 2021) IR (RS 4
2021) A3 (FHLr 4 2019) AT ) (TT55 HE 4,
2020) G SRR BT AR, R, G e R — TR
W H B ER I T AR,

TR TR R LA A AR R R T AR Ay
TR MRS AT DL A /N RE B R G B T
FIEA H Y, Rudin 48 A (1992) $2 H —FhARZe M0
B B4 A8 43 B2 (total variation, TV ) , 1] DL

Ao N MR LA ) % A ) AR 43 ke DB B MR 7
Goldstein F1 Osher (2009 ) | F 4324 Bregman ¢ 3 5
R 7 I <ol (17 ol i o o o < S T I R o 5
Adam F Paramesran (2019) & T 55 4 b S 765 75 B3 By
PR AR B A A5 B Z B G & 2 Hh —Fh e &
A AR S AR B 428 2 BB (hybrid
non-convex higher order TV with overlapping group
sparsity, HNHOTV-0GS) , Parisott ¢ A (2020) ¥ it
T —FhE By 7 e PE 42 A8 43 (total direction variation,
TDV) , 7E &5 BB B2 th i A 2% 05 1 5 i 45 B 48
T, H T 42870 58 MK T R B JR AR ARAE , 7R3
PR3 BRI Ab 75 5y 52 B W 75 T 2 R 401
) SN INTNPRRES 1 23 S A

X R R IE X — Bk AT, Buades 45 A (2005 ) 42

3451



3452

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27,No. 1,Jan. 2022

1T AE R A 5 (non-local means, NLM) , £ %
AR EBRIUE Dy — DA B ST 5 G EHR
e 5 B A AR G S 2 1] B AP A i, o 0 71 3
FR 2 Mg T 5 T D 208 i 121 4% B ) i A 2 L, 7R
NLM 5332 A 1 3 iU , A ATT0r 56 7 EHR Beit HE
JRITR MR AT Ok, Bl R AR oy AR R AR
FEAEZE A, Gilboa A1 Osher(2007 ) 2 H T JE /i
478 43 (non-local total variation, NLTV ) , Liu %5 A
(2014) &3t THE R &R SAHXT 4228 43 ( non-local
version of the generalized relative TV, NLGRTV ),
Li %A (2017) ¥t T AR AE 538 4248 43 ( regular-
ized non-local total variation, RNLTV ), Wang % A
(2019) 42 i 1 FE T 25 4 A U B9 A Ry 38 4 28 o
ANTG) TRy B A7 3 BRI i RS AR 3 K AL Y 78
ke R | X SR Jay 478 A3 B R T T 4R 3 P [
QI B AR, AT LA SE 4 b £ B 00 40 T

=3

{EASTE R, B VF 2 K MRk A 4 0t
IR G 1, 6 Kb B €0 PRI A5 B B 2 T3 B 1 Xof
3 AUy i EAT B M Ak RER A 2 AR
T2 T LR RS TR PRI (] DXl P 18 2 A 22 5
T2 15 BRI A P 5 ) e P i 2 240 0 11 3
BRI S AL, BOX SRR TE A A 5 1 A
ARG P B R Uk AR b i 2 R i B R —
RN RUR B NG St cSE 38

N TR PRLL b R, AR SR — & AR R
K3 ?ﬁé/}fﬁ:}‘(adaptive non-local 3D total variation,
ANL3DTV ) WA A F) F—FpaE R0 3 4k 478 5y
T DI SFe A A Tl 5 e iy R e ] 14 4 OGR4 S, RIS
FIA—A 5 A AR, R B AR 251
G B BA W P A R R B AN [) 31 5 e A
ANTR) AR e by 2 s B, AR SO N B B X
ANL3DTV A58 7Y HE AT 4 TR, 30 B 12245 70 18 WAL 55
P, i Je i i Ay LR MR SR B IE T AT AR

1 FES5HZE

1.1 FEEBHEEZX

SEMEEIRY = X + N P X
Uy PR A4 A T R LA, N2 7 00 R 7
XN

SR I Y I
, B ER

X = Yoy, (1)
JeS;
HYi B YH2
wij :W'exp(_ h2 J F) (2)
2, kS E W = Zexp( - HYi - ij/hz) o
JjeS;

X, FR LB S RS, Y, R Y, 35k
AR EUR P | DG AR, o, RRE
By, F Y, BRI RIERGE , S, 2R R T
RGO h 2 PHEE T, - [ #oRIEP IS
1.2 £THEE

SR F AR (Rudin 28 ,1992) A LR N

.1
min |y - X[ +AlVX] ()

[, Y FLX G35 R IR S R LR E S, ViR ER
FET A >0 RIENMASH, VX, Fr1 5k
47543 (Yan A1 Lu,2015) , |V X ||, FR A 4% 1w [a] 4 4
253 (Rudin 45,1992) , MR A2843 18K

Ivxll, = [v.xl], +I[vx], (4)

Ivxl, = JIvxl; + [v,.x]; (5)

A, v Y 2 SRR 2 4R AF S AR X D5 1
/7 M 0" 1 17 o S B S |
2 AL
1.3 EFMBETHEER

ARG Y e R™Y JHIY 2R/ MxN
() SO [ | Al Jm 8 42 78 43 1 25 MR A AU T DL SRR
( Gilboa £ Osher,2009 ; Lou 5,2010) &

min 2y - X[+ A|VX],  (6)
Ivxl =% [Z-w)te, )
oy = Lo HAE) g
W= Yep(-|X, - X0 (9)

K, x, Al SR X RS i RIS j ME R E,
9: ;192"..’M; X %192’.‘-’N;O

2 ARXEBREZ®
2.1 K@ER

ANL3DTV Sk £ 2 AR R S B el
B PN 114 Jay S 2 AR P A5 18] F) A = B B, 9 )



$27E/E18/2022F1 8

FmiE, THO, BRE, 55/ BiENIEEE 3 #2TR T aRIGER

FHAS R EMG BB 0 oy it b 0 M s i i 22 59| ¢
SEFR A IE N 2 ME . ANL3DTV £ MR i fE i 1
Fis, BRI .

1) B2 2 BN S [R5 Y 20 il K AL T B 0
EUGE AR A p x p x 3, SR IE K DL
A EURHRy roe BG B, FE XTI 198 2R B 9 4k 2 T
m A5 Hpt MG e R oA B &R Sl A5 e, 944 k4]
G,

2) B G B A rp (8 B R £ MG b B K
¥ 3p? B AR — A 2 JEAERE Y, e RV

3)VXFY, B T AW GBI LMRE R 2 4EHIE X, e
RY>™

4) KA RS X, R B EJF G S I E
B IR T INABOT-35 15 2 5 20 K E S X

AR 3) XY, $E T MR ANL3DTV Bk
F AR Sy

.1
gllv%?“wﬂ (Yi _XL') H% + )‘HVXiHl (10)

MG 2 LEFERE

Bl 1 ANL3DTV B3k
Fig.1  The flowchart of color image denoising using ANL3DTV
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Fig.2 The denoised results when o =50
((a)clean image;(b) TV;(c) TDV;(d) HNHOTV-OGS;(e) RNLTV;(f) NLGRTV;(g) NLTV;(h) ANL3DTV (ours) )
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Fig.3  The denoised results when [0y, o, 0] =[5, 15, 10]
((a) clean image;(b) TV;(c) TDV;(d) HNHOTV-OGS;(e) NLTV;(f) ANL3DTV (ours))
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Fig.4 The denoised results when [ oy, o, 0] =[40, 5, 25]
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Table 3 The run time of different methods
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